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The unprecedentedly devastating Ebola epi-
demic in West Africa brought international
attention to the challenges faced by resource-
constrained nations in curtailing outbreaks.
As the epidemic tapers in Sierra Leone and

Guinea, the focus of epidemiologists has
shifted from emergency response toward
retrospection. Lessons learned from this out-
break will be fundamental for establishing
preparedness strategies and for averting future
epidemics. In a masterful data-driven model-
ing study in PNAS, Kucharski et al. (1) quan-
tified the extent to which the international
effort to provide more treatment beds pre-
vented new infections across the 12 districts
of Sierra Leone, as well as the incremental
benefit that could have been achieved if the
provision had been earlier in the epidemic.
Approximately US $1.6 billion, corre-

sponding to 70% of the funds committed
by the interagency response plan for Liberia,
Sierra Leone, and Guinea, was allocated
between October 2014 and June 2015 (2).
The response involved provision of personal
protective equipment, training of health
workers regarding infection prevention,
hazard compensation to frontline workers,
vehicles, door-to-door surveillance, and out-
reach efforts (3). However, the majority of
funding was designated for construction and
maintenance of Ebola holding centers (EHCs),
community care centers (CCCs), and Ebola
treatment units (ETUs). Such funding com-
mitments were made months into the out-
break, and actual construction of the majority
of treatment centers was likewise delayed.
There has thus been considerable debate sur-
rounding the contribution of case isolation
beds to controlling the outbreak, as well as
the repercussions of the delay.
In each of the three West African nations

most affected by the epidemic, Ebola in-
cidence was observed to diminish shortly
after the majority of beds was provided (Fig. 1).
Although these temporal correlations are
informative about general associations be-
tween bed capacity and incidence, they do
not demonstrate causation. They cannot
disentangle myriad other potentially con-
founding factors. For instance, as beds were
being made available, endogenous behavior-
al changes (4) and rollout of other interven-
tions were concomitantly having an impact

on the transmission rate. To incorporate this
geographic and temporal variation while si-
multaneously deciphering the impact of the
international effort to supply beds, Kucharski
et al. (1) applied a sophisticated time-varying
rate that captures heterogeneity in transmis-
sion beyond the heterogeneity that is explained
by the introduction of beds.
Kucharski et al. (1) have elegantly executed

an anthem of data-driven mathematical
modeling. Reality is complex, yet no model
can be expected to foresee or even retro-
spectively capture all effects on the system.
Accordingly, Kucharski et al. (1) avoided
relying on too many assumptions (5) but
still constructed a model specific enough to
evaluate the importance of the factor under
consideration: isolation beds. Rather than
specify a parameter-heavy model that at-
tempts to distinguish exhaustively between
many behaviors and interventions, they used
a flexible sigmoid function to represent tem-
poral changes in transmission intensity in
each district of Sierra Leone. Capturing these
changes was vital: Although some districts
were able to extinguish transmission rela-
tively rapidly, others remained hotspots for
much longer. An interplay between behavior-
al changes and response measures likely
accounted for considerable variation in
the rapidity of Ebola control among dis-
tricts. Over the course of the epidemic,
transmission intensity varied in response
to increasingly cautious patterns of human
contact because of heightened awareness and
risk perceptions, as well as responding to
diminishing time to case isolation. In Liberia,
for example, the probability of transmission
occurring within households appears to have
increased from July through September, the
months of most intense transmission, and
other contact types with people outside the
household declined, suggesting that people
were spending more time at home. Addition-
ally, time from symptom onset to hospitali-
zation peaked in July and then consistently
decreased through November in Liberia—as
it did in Sierra Leone (1). As interesting as

Fig. 1. Bed capacity and monthly incidence of Ebola in
Sierra Leone, Liberia, and Guinea. Significant increases in
bed capacity were observed through early 2015 in all
three countries (9–13), with incidence peaking in or be-
fore December 2014 (14).
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individual-level shifts in behavior might be,
explicitly incorporating such details would
add complexity, yet would be unlikely to be
informative with regard to evaluating the ef-
fectiveness of increased bed capacity. Instead,
to quantify the impact of the internationally
supplied beds in EHCs, CCCs, and ETUs,
Kucharski et al. (1) used a Bayesian approach
that accounts for spatial and temporal changes
in transmission without relying on assump-
tions that are challenging to parameterize
or difficult to represent in a computationally
feasible way.
Using this Bayesian approach, Kucharski

et al. (1) demonstrate that the provision of
beds saved many lives in Sierra Leone even as
the epidemic began to dwindle, a finding that
will be reassuring to many governments and
nongovernmental organizations that contrib-
uted to these efforts, as well as instructive for
preparedness plans to mitigate future out-
breaks. They diligently assessed the uncer-
tainty inherent to their model fit to data
and examined the sensitivity of their results
to a key parameter that has plagued modeling
efforts: the degree of underreporting. There
remains considerable uncertainty regarding
how many sick individuals stayed at home,
died without being diagnosed, or otherwise
evaded surveillance measures. To understand
why underreporting is so important to the
effectiveness of contact tracing, case isolation,
and the impact of increased bed capacity,
consider two extremes: zero reporting would
mean these measures would be completely
ineffective, whereas perfect reporting would
provide the greatest opportunity for interven-
tion, given adequate resources to do so. In
the classic mathematical modeling rubric of
“known knowns,” “known unknowns,” and
“unknown unknowns,” underreporting during
the Ebola outbreak is a known unknown: its
existence is widely recognized, but its extent is
elusive to quantify (6), as well as being highly
geographically and temporally variable (7). To
address this known unknown, Kucharski et al.
(1) performed a sensitivity analysis spanning
three plausible values. They show that while
underreporting affects the cumulative inci-
dence of the outbreak, provision of beds al-
ways significantly reduced the death toll.
The degree of dependence of case isolation

on active surveillance is another known
unknown that closely relates to underreport-
ing, because people could be underusing
beds if surveillance teams were unaware of

cases or could not coordinate an efficient
response. Where an integrated interven-
tion approach with culturally sensitive mes-
saging and community-led initiatives was
applied, hotspots were revealed that had been

Kucharski et al. avoided
relying on too many
assumptions but still
constructed a model
specific enough to
evaluate the importance
of the factor under
consideration: isolation
beds.
hidden by community members as a conse-
quence of distrust in the Ebola response (8).
Once beds became available, field-based
identification of infected individuals was
often led by grassroots organizations. Dif-
ferences in the implementation and effec-
tiveness of community efforts to identify and
report sick individuals likely contributed
to how the endgame has varied between
and even within the three most affected
countries.
Kucharski et al. (1) did incorporate com-

putational complexity where it is important.
Their use of a stochastic approach addresses
the potentially highly variable epidemic
spread that is characteristic of an outbreak
with relatively low prevalence and socially
clustered transmission. The many lives
that were demonstrated to be saved by in-

creased availability of beds are consistent
with the high social clustering of Ebola
transmission: manifest in that when an in-
dex case transmits disease to a second in-
dividual, and a second transmits disease to
a third, then that third individual is highly
likely to be a social contact of the first. A
consequence of clustering of social transmis-
sion is that community surveillance, contact
tracing, and case isolation can be extraordi-
narily effective in curbing epidemic spread,
because social contacts obtained from the ill
are then highly meaningful predictors of
who will likely be the next victims of disease.
Early in the West African epidemic, it was
extremely challenging for severely resource-
constrained governments in West Africa to
mobilize an effective contact-tracing program
rapidly, and nearly impossible to provide ef-
fective case isolation. Once contact tracing
became more rapid and effective, and case
isolation beds became available, disease spread
was much more effectively curtailed.
The results of Kucharski et al. (1) resolve

the controversy that has been percolating
the last several months regarding the value
of expansion of bed capacity, and thus pro-
vide a critical piece to our retrospective
understanding of the 2014–2015 Ebola out-
break, demonstrating that international efforts
to supply treatment beds to the afflicted nation
of Sierra Leone saved many lives. The
finding that the availability of more beds
earlier could have averted a further 13,000
cases highlights the importance of sustain-
able capacity building within West Africa to
mitigate future resurgence of Ebola and other
emerging diseases.
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